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Abstract—This paper presents two probabilistic devel- ability to utilize surface EMG signals would enable the
opments for use with Electromyograms (EMG). First de- design of many neuro-electrically interfaced systems.

scribed is a neuro-electric interface for virtual device control . . . .
based on gesture recognition. The second development is This paper introduces one such system in which surface

a Bayesian method for decomposing EMG into individual EMG recor_dings fr_om hand gestures are used in place
motor unit action potentials. This more complex technique 0f mechanical devices such as joysticks and keyboards

will then allow for higher resolution in separating muscle to interface with a computer. Currently most gesture

groups for gesture recognition. _ recognition systems come in one of two forms:
All examples presented rely upon sampling EMG data

from a subject’s forearm. The gesture based recognition e« Gestures are recognized via an external camera
uses pattern recognition software that has been trained which requires sophisticated image processing and
to identify gestures from among a given set of gestures. controlled lighting.

The pattern recognition software consists of hidden Markov . . .
models which are used to recognize the gestures as they are ° Gestures are recognized by placing a sensing glove

being performed in real-time from moving averages of EMG. on the hand(s) of the participant.
Two experiments were conducted to examine the feasibility We aim to achieve recognition in poor lighting condi-

of this interface technology. The first replicated a virtual . . . ide of the lab) with
joystick interface, and the second replicated a keyboard. ~ HONS IN extreme environments (outside of the lab) wit

Moving averages of EMG do not provide easy distinction Minimal equipment. To date, we have accomplished this
between fine muscle groups. To better distinguish between by directly connecting a person to the computer via
different fine motor skill muscle groups we present a EMG surface electrodes on the forearm. The EMG signals
Bayesian algorithm to separate surface EMG into rep- 5.6 sampled, digitized, and the resulting time-series are
resentative motor unit action potentials. The algorithm .
is based upon differential Variable Component Analysis passed through a pattern recognition system based upon
(dVCA) [1], [2] which was origina”y deve|0ped for Elec- hldden MarkOV mOdeIS (HMMS) The I’eCOgnlzed pattems
troencephalograms. The algorithm uses a simple forward are then transmitted as computer commands. Our first
model representing a mixture of motor unit action potentials example of this was to attach four pairs of electrodes
as seen across multiple channels. The parameters of thist0 one forearm and interpret the resulting EMG signals

model are iteratively optimized for each component. Results iovstick ds 141, Th d th
are presented on both synthetic and experimental EMG as joystick commands [4]. ese commands were then

data. The synthetic case has additive white noise and is used to fly a realistic flight simulator for a 757 transport
compared with known components. The experimental EMG aircraft. The acting pilot would reach out into the air, grab

data was obtained using a custom linear electrode array an imaginary joystick, and then pretend to manipulate this
designed for this study. stick to achieve left and right banks and up and down
pitches of the aircraft simulation. We also present results
on pretending to type on a table (or lap) and translating
the resulting sensed EMG signals into keystrokes.
Electromyograms (EMG) are used in the medical com- The demonstration of gesture recognition through sur-
munity to aid in the diagnosis of neuromuscular diseasésce EMG signals leads to physiological questions of how
and there has been increasing interest in the use inflividual sources are involved in generating these EMG
EMGs as a means to interface with prosthetics and virtugignals that are distinctive for different types of move-
devices [3]. For clinical applications it is often necessanyents. Voluntary limb movement occurs as a result of the
to use invasive needle electrodes to pinpoint sources of thein generating a spike train that is transmitted through
EMG to specific motor units. However, invasive measurgie nerve to a junction in the muscle known as the end-
are not ideal for use in the control of virtual devices. Thplate region. This induces an ion transfer along the length
_ . _of the muscle fibers with a corresponding contraction of
| K. Wheeler is the lead of Embedded Decision Systems in trﬁ]e muscles. The travelling waveform along the muscle
ntelligent Systems Division at NASA Ames Research Center, Moffe
Field, CA fibers is known as a motor unit action potential (MUAP).
M. Chang is a Ph.D. student in the Department of Bioengineering hjs jon exchange induces a current on the surface of the
S et O, kin which can be measured as a voltage via a resistive

K. Knuth is an assistant professor in the Department of Physics 3 ’
the University at Albany, Albany, NY electrode. Surface EMGs measure a composite of the
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voltage changes produced by these individual MUAPw®ere used to filter and digitize the signal. Transforms such
Measuring from the surface of the skin presents additiona moving averages were applied to this raw digital data.
complexities because the multiple MUAP sources mix dhe transformed data was fed into the pattern recognition
they traverse through skin, fat, muscle, and other tissussftware to train the models. Once the pattern recognition
In order to separate the EMG signals into the comodels were trained, they could be used for the real-
responding fine motor muscle groups we examine nawne recognition task. Each of these steps will now be
ways to decompose EMGs. Thus, the unmixed MUARtescribed in detail.
can be used as input to our hidden Markov models. We1) Gesture selectionOur first task used coarse grained
present a Bayesian method to perform source separat@@stures to mimic manipulation of a joystick [4]. Move-
for surface EMGs. In particular, compound motor uniment of the joystick was associated with four basic
action potentials (CMAPs) [5] are separated into remestures: up, down, left, and right. The use of four pairs of
resentative MUAP waveforms. Our method is based aectrodes for gesture recognition provided for reasonable
the differentially Variable Component Analysis algorithnseparation between the four gestures.
(dVCA) for source separation of ElectroencephalogramsOur second task consisted of movements associated
(EEG) developed by Knuth et al. 2004 [1], [2]. We havavith typing on a number pad on the keys 0 - 9 and
extensively modified this algorithm to work with surfaceEnter. These movements consisted of much finer grained
EMG. gestures. The first, second, and third fingers were resting
In any standard Bayesian methodology, it is necessanyer the 4, 5, and 6 keys respectively. The first finger was
to have a forward model and a means to optimize thesed to press the keys 1, 4, and 7. The second finger was
parameterization of that model based upon data obseruaed to press the keys 2, 5, and 8. The third finger struck
tions. In the case of EMG, we have chosen to develdpe keys 3, 6, and 9. The fourth finger was used for the
a model that describes the MUAPs and how they aknter key, and the thumb was used to strike the zero key.
mixed together. There has been extensive research lorthis case we used 8 pairs of electrodes.
decomposing EMG [6], [7], [8], [9] using non-Bayesian 2) Electrode application:The placement of the elec-
approaches. There has also been great progress misddes depends upon the gestures that we wish to rec-
in developing physics-based forward models for EM®gnize and upon individual physiological differences.
signal generation as measured on the surface of the sKine joystick task was measured using 4 dry electrode
[10], [11], [12], [13], [14]. Unfortunately, in most of pairs sewn into a sleeve as shown in Figure 1. This
this literature, there is a gap between the methods slfeve helped to reduce variation in the placement of the
decomposition and model parameterization that could kéectrodes. For the typing task, we chose to use eight
bridged by following a Bayesian approach. In this papepairs of wet electrodes due to the improved signal to
we detail the steps that we have taken to fill this gap withoise characteristics of wet electrodes over that of dry

a simple mixing model. electrodes. This was in part due to the signal amplitudes
for the typing task being much smaller than that of the
. METHODOLOGY joystick task. The drawback to using wet electrodes is that

the positions of the electrodes are difficult to replicate
. . from one day to the next. The locations of these pairs

Each type of gesture set required a differentere gpiained by establishing a grid of electrodes on the
methodology. The virtual joystick gesture set USeghrearm and then performing the desired task: only those
four pairs of dry electrodes and four coarse graingfecirodes which produced distinct signals for a gestures
movements. The virtual keyboard gesture set consisted 9f .« sed. The positions of the electrodes for the typing

8 pairs of wet electrodes and 11 fine grained movemenfSqy \ere in two rings around the forearm: one near the
The methodology that we followed consisted of thgisi and one near the elbow also shown in Figure 1.

following steps: Several tests were conducted to measure the effects
of minor variations in placement (1-3 mm) and major

A. Gesture Based Control

1) Gesture selection displacements (1-2 cm). The minor variations had no
2) Electrode application (location and number) impact but the major displacements required that the
3) Signal acquisition, filtering, and digitization recognition models be re-trained or adapted for the indi-
4) Feature formation vidual user. Individual differences in personal physiology

5) Pattern recognition model training and testing  proved to be challenging. Differences in arm lengths
6) Pattern recognition application in interactive simuand widths made it difficult to place the electrodes at
lation the proper positions across people without considerable
The process started by selecting the desired physieddort. In addition, strengths of the EMG signals varied
motions (gestures) to be used to control the virtual devicacross people and varied with the amount of training that
From the set of gestures, the best location for the limiteéddividuals received.
number of electrode pairs (a maximum of 8 in our case) 3) Signal acquisition, filtering, and digitizing:The
was established. Then standard signal processing practiE®G data was acquired by placing differential instru-
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model (HMM). HMMs have been developed by the

speech recognition community in response to their
pattern recognition time-series problem ([15]). The

history of speech recognition reveals a process which
first attempted to recognize isolated words from a single
speaker, then isolated words from multiple speakers,
followed by continuous words from a single speaker, and
finally continuous words from multiple speakers. We are
following a similar approach with our gesture recognition

work. We have developed isolated gesture recognition
for both a single participant and for multiple participants.

The work described in this paper will describe isolated
recognition for a single typist and continuous recognition
for the joystick study.

Two issues with training any model to learn from
sampled data are that the data set is representative and that
the model has the appropriate number of parameters for
accurate representation. The training data set can suffer
from not having enough exemplars or being inconsistent
for the sample size. In our case, we can always sample
more data if we do not have enough. On an empirical
basis, we have been able to use as few as 20 exemplars
from each gesture to adequately model the remaining
data from a single day. However, when we combine
data from multiple days it becomes readily apparent that
inconsistency is a problem.

Fig. 1. Top: Dry Electrode sleeve for joystick based flying, bottom: \We define inconsistency as the statistics of the data
wet electrodes for typing experiments varying from day-to-day. We could have defined this in
terms of gesture-to-gesture variation but have chosen not

, . . to because this variation is more of a natural variation
mentation pre-amplifiers near to each electrode pair withyarent in human behavior whereas the day-to-day in-

a Common Mode Rejection Ratio of 110 dB. All eight;gngistencies are more an artifact of the experimental
channel pairs were referenced to a common ground el%‘fbcedures.

trode positioned over bone at the wrist or elbow. The There are many solutions to resolving this inconsis-
signal was digitized using 16 bits at 6000 Hz., and thency as well as many contributions to the variations
a 32 tap anti-alias bandpass Bessel filter was applied 8jflich could be minimized. One example is electrode
down sampled to 2000 Hz unless otherwise indicated. yjacement. If the electrode locations are allowed to vary
4) Feature formation: The goal of the feature for- from day-to-day then the signal statistics will also vary.
mation step is to separate the signals enough to alloawis can be reduced through the use of a fixed electrode
the pattern recognition module to distinguish betweefjeeve.
gestures. Another result of working with features is to pay-to-day variations related to natural behavior may
create a space smooth enough to be reliably modelletht be removable, and in fact we would benefit from
We tried many common methods such as Short TinfRodelling them. One example is the way which people
Fourier Transform (STFT), wavelets, moving averagegesture may vary slightly from day-to-day even though
and auto-regression coefficients. In the end, moving ajreir intention is to perform the gestures identically. In
erages, the simplest feature space, seemed to be #flg¢ case we need to have enough data to represent
best. Since the EMG signals were differentially amplifiedhe multi-modal statistics and we need a way to adapt
the average of the signals when presented with enougfz system models over time. Our current methodology
samples was approximately zero. This required that ti@es not vary adaptively but it is our plan to include
moving average be performed on the absolute value of thfs in future work. This means that our best remedy is
signals. The windows used to form the moving averages recognize when day-to-day variation is too great for
were allowed to overlap by 75 percent. Note that this igdequate model generalization. We can then use less data
purely an amplitude-based method; the frequency of ther training by using only the data similar to our current
electrical activity did not seem to vary significantly fromday’s setup (i.e. electrode locations).
one gesture to the next. a) Training: The HMMs we used were continuous,
5) Pattern recognition: The pattern recognition tied mixture [16], left to right models. Standard Baum-
method we chose to employ was a hidden Markowelch training [15] was used. Models are classified as
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continuousif they use inputs which can take on a rangflying a simulated 757 transport aircraft to landing [4].
of floating point values. The alternative to this is to allowA more continuous gesture recognition was implemented
for only discrete values such as might be found if thBy decreasing the segment size.
input were transformed by quantizatiomied mixtures  Four methods were used to test the pattern recognition
means that a fixed number of Gaussian mixtures are ussdtem. The first involved training the models on data
throughout all of the states. Thus any state may make usem one day, and then recalling on different data ob-
of any mixture. Aleft to right model means that the HMM tained on the same day. We call this mettsaine trial
may not go back to a previous state but may remain inazquisition and testingThe second involved training on
State or go to a new state. data from one day and recalling on data collected on a

Initialization of the models was performed using Kdifferent day. We call this methodross-trial acquisition
means clustering. The states were partitioned to equalamed testing The third method trained on data sub-sampled
the amount of variance present within each state. The d&tem a large set taken across multiple days, and then recall
sets used to train were segmented to insure that the peas performed on data different from the training but in
of the variance was near the middle of each segmettie same large set. This third method we caltedlti-
This translated to the bulk of the energy being centeregiial acquisition and testing The final method involved
Segments were sampled at 2000 Hz and contained 3@7&ning on a previously acquired single day that provided
samples per channel, with eight channels total. The pie best recognition in our real-time simulation for flying
rameters of the HMMs that we typically varied werean aircraft. We call thidest trial training and real-time
the number of discrete states, the number of Gaussi@sting
mixtures, the number of maximum number of iterations The second experiment used eight pairs of wet elec-
to train, the method used to arrive at the state partitioningbdes in two rings of four each, one ring near the wrist,
(uniform vs. variance based), and the method used dad the second near the elbow. The participant was asked
initialize the parameters of the mixtures (e.g. K-mear® touch type on a printed picture of a number pad
clustering). keyboard, striking the keys 0, 1, 2, 3, 4, 5, 6, 7, 8, 9 and

b) Recall: The real-time recall was performed usingenter. The participant was asked to type these in order,

the standard Viterbi algorithm [17]. Since the system wasparated by a one second rest interval, for a total of 40
processing streaming data, there was no knowledge asstokes on each key. This data was then segmented, and
where the peak of the variance was occurring. Becaussifacts were manually removed. Data were collected on
of this, the HMMs would see the data when the peak wagveral different days. Eleven HMMs were trained, one
first at the left most in the time segment, then the pedkr each gesture. These eleven models were then run in
would move across from left to right, and then the fingbarallel during recall.
presentation was when the peak was at the right most partrhe performance on batch data sets is not equivalent to
of the segment. Since the HMMs were trained only whethe performance found in live demonstrations. Typically
the peak was centered, due to this shifting, the HMMsatch data sets are collected under static conditions.
were required to recognize a gesture several times inThe live demonstrations are typically performed under
row before that gesture was selected as the one that Wiggh stress, with imperfect electrode placement, while the
observed. This prevented spurious recognition when tparticipant is bombarded with questions and distractions.
peak was not near the center of observation. Thus live performance tends to suffer from more errors

6) Experiments:Two experiments were conducted inthan the batch testing results.
order to determine the feasibility of using bioelectric
signals to substitute for, first, a joystick, and second, a .
keyboard. B. EMG Decomposition

The first experiment consisted of four pairs of dry The model that we formulate for separating mixed
electrodes fitted within a sleeve worn on the forearm of MUAPs is dependent upon how we acquire the data.
participant. The participant was then asked to pretend lideally, within a Bayesian framework we would model
move a joystick left, right, up, and down. The participangévery part of the system. We would start by modeling
performed each of these gestures 50 times. The data whas sources of the potentials and how the shape of the
separated by gesture, and segmented to have the pgakentials is changed by transmission through the tissue.
be in the center of 3072 sample segments. Artifacts ®his would be followed by a model of the electrodes,
incomplete gestures were removed from the data séfte amplifier, and finally of the data acquisition card. The
via manual inspection. The segmented data were themdel we present relies on approximations to reduce the
used to train four HMMs, one for each gesture. Thegask of modelling all of these elements.
trained models were then used to recognize gestures mad®ur model is based upon the assumption that we can
on a day excluded from the training set. A confusionbserve compound MUAPs along parallel fibers of a
matrix was generated to display errors and to show whichuscle group. This assumption is facilitated by using a
gestures were confused with one another. The system kiasar electrode array [18] [10] as shown in Figure 2. We
also been used for numerous real-time demonstrationsfalbricated this electrode array with parallel silver bars
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spaced 5 mm apart. Figure 3 shows the data collectédrepresents the coupling between channels and sources,
by this device on four differential channels (eight totas,, () is the source waveform, and,; is the amplitude
silver bars). Note that a star has been placed over onevedighting. 7" represents the time delay associated with
the action potential waveforms which is shifted betweethe firing frequency of a particular soureg; is the delay
channels by an amount proportional to the conductiacross channels which is proportional to the conduction
velocity. The muscle contraction under study was cargelocity, Tff is the latency for each source and firing
fully controlled and can be assumed to be constant. Thepresenting the variability in firing.

contraction level in this work is approximately 20 percent There are several assumptions that underlie equation
of maximum voluntary contraction. (). We assume that the electrode array is positioned
parallel to the muscle fibers and that the electrodes are
evenly spaced. These assumptions allow us to model
dominant components propagating along the muscle fibers
as signals travelling from channel to channel. The time it
takes to go from one channel to the next is represented
by 7¢ = %. whered = 5mm is the electrode spacing
and v, is the conduction velocity. We also assume that
the muscle contraction is of constant force and that the
sampling time is short enough that the firing rate (or
time delay between firings!") of any one MUAP source

is effectively constant. Variation in the periodicity of
the firing of a single source is modelled b)ff and is
assumed small with respect to the firing rate.

Fig. 2. Linear electrode array pictured with a U.S. quarter. °"ﬁr‘"‘h" y W'“'h?" ¥ MA'“” ro
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Bayes’ Theorem to maximize the a posteriori probability
Fig. 3. EMG data from our linear electrode array. Star indicates movid/AP) of the model, using the likelihood of the data and
MUAP over time between channels. the prior probability of the model parameters and other
) o known information (symbolized bj):
Our model representing the mixing process for tié
i i : dat del, I del|I
channel as a function of time can be expressed as: el data, T) = p(da a|m0(de’t )%(mo el|T) @
p(data

Substituting the parameters of our model, this becomes

N F
wm,t = Z Z C’rrm,anfsn (t - (m - mref)TS

n=1 f=1
—(f—l)T,f— 7?}”) (1) P = p(C,S(t),Oé,TF,TC,TS|SC(t),I) =
where subscripts index thé" componentft" firing and p®)|C,s(t),a, 7", 7%, 75, Dp(C, 5(t), a, 78, 77, 7511)

m'™ channel.N is the total number of MUAP sources p(a(t)|1)
(components) being modeled, is the number of firings, ©)




IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS, VOL. 1, NO. 11, NOVEMBER 2005 6

where the value on the left-hand side of the equation, 1) Parameters:The five parameters optimized through
which will be referred to a$, is the posterior probability iteration are described below:

of a model describing the data. The right side represents a) WaveshapeThe Maximum A Posteriori estimate
the product of the likelihood of data given the modebf the waveshape is found by setting the partial derivative
and the prior probability of the model, divided by eof the log probability with respect to a time pointin
proportionality constant dependent on the data. A uniformaveshape; to zero. Details appear in Knuth 2005 [1].
distribution is assigned to the prior probabilities of each  b) Amplitude: When taking the partial derivative of
parameter, and as a result the posterior probabifity the log probability with respect to the amplitude of the
becomes directly proportional to the likelihood of theft" firing of the j** component, the optimal estimate for

data: the amplitude of this particular firing becomes
PO(p(l‘(t)|c,S(t),oz,TF,TC7TS,I) (4) M T

Using the principle of maximum entropy, the likelihood . mZ::l t; Ur Ra

of the data is assigned a Gaussian distribution by intro- Qifo = " T (10)

ducing a new parameter. This parameter represents the > 2 (Ra)?

. o . . =1t=1
expected squared error in prediction and is assigned a m=Lt

Jeffreys prior. When the likelihood is marginalized over Ro = Crnjs;(t—(m—muet) s — (fo—1)77 —75y,) (11)

all values ofo, the result becomes Since the model allows for varying amplitudes between

P (27“}_2)7&; exp [_ 1 ] (5) different firings of the same component, eaefy term
202 is determined irrespective of other firings by using the
where Q represents the square of the residuals betwe@@duced single firing terni/p.
the data and our model, summed over all time points in €) Firing Period: To find the optimal estimate for

all channels the firing period of thej*" component one must solve:
M T N F N . ;
Q - Z Z (Im(t) - Z Z th,anfsn(t— T; = argmax (Tj ) ( )
m=1t=1 n=1 f=1

M=

Y(r) =

Y UGm UG mt+7)  (13)
1t=1
where the functionU is defined in equation (8). The

To simplify calculations we maximiz& by maximizing . P .
. : unctionY (7;") represents the autocorrelation across each
the log of P. Using the method described by Knuth, e J .

channel, summed across all channels for all firings of a

\?vlfit[tle]r,l Ei’_ the log of the posterior probability P can begiven componentj. The j*" component is isolated by

MT subtracting away all firings of all other components to

InP=———1In(@ + const (7) obtainU(j,m,t). Each channel is multiplied with shifted
) 2_ ) ) versions of itself, and assuming that the data is periodic

For convenience of discussion, two expressions frgeross each channel, the latency shift that produces the
quently used in the process of minimizing the differencg aximal value will be where th2"d throughF* channel
between the data and the model are defined below. Foi&|osest to alignment with this* through(F —1)* firing
given componenj in channelm at timet, U represents of the jth component. This latency estimate is constrained
all firings of the c_omponeryi deduced from the value of 15 pe positive and greater than 2 ms because a firing
the actual data minus all other parameterized componerggriod that is significantly smaller than the time span of

a single action potential is not physiologically plausible.

3
Il

2
mwmﬁqm{7ﬂﬁ 6)

N F
U(j,m,t) = zpm(t) — Z Z CrnnQnypsn(t— d) Conduction Period:To find the optimal estimate
n=t f=1 for the conducting period of thg® component,
(m —meet) s — (f = D)7 —73) (8) #C = argmaz Z(17) (14)

Similarly, the expressiof/r isolates a particular firing, where
fo of the 5" component in channeh at timet, using M T
the same method of deduction by also subtracting awayz(7) = Z ZU(j’m — LU (j,m,t+77) (15)

all other firings of thej" component except for thgtt =1 t=1
firing. where the function U is defined in equation (8). The
F function Z (Tf ) represents the cross-correlation between
Ur(j, fo,m,t) = U(§,m,t) — Z Comjovjps;(t— consecutive channels, summed across all pairs of channels
F=1 for a given componenti. As above, the estimate of

1710 the j*" component (with all of its firings) is obtained

c F_ S
(m = muet)7y" = (f = D)75" = 75%)  (9) by subtracting away all firings of all other components
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to obtainU(j,m,t). As a convention, the first channelbecomes a constant value plus or minus deviations from
will be considered the reference electrode from whictie regression linel, ¢, andT}LD accounts for this change.
action potentials are first detected. As action potentials

- (f = Dr + 7y
propagate through the muscle fibers, each subsequent
channel detects the action potential slightly later than = (f — )T + (pnf + Bn + dny)
the previous channel. For each pair of channels, the = (f—1)7) + (uu(f — 1) + pn + B + dny)
first channel is multiplied with shifted versions of the = (f=DF + ) + (tn + B+ duy)

second channel. Assuming that the data is periodic across
each channel, the latency shift between channels tAdte adjusted;!” value becomes

produces the maximal value will be where all firings of o A (19)
the j** component most nearly align between the pair of Tn = Tn T Hn

channels. The conduction period is constrained to positiead thefff value becomes

values between zero and half of the firing period. Since

the conduction period is significantly smaller than the Tng = Hnt ot day
firing period, we are able to apply this assumption. = fpinf +Bat+dng — (f = Dpin
e) Offset Latency:To find the optimal estimate for = 70— (f =i (20)
the offset latency off$® firing of the 5" component, _ _
b) Waveshape alignment and adjustment-,ﬁjj: A
%f‘fo = argmaz A(Tf’fo) (16) degeneracy also occurs in the time domain between the

v waveshape and the offset lateney,. A time shift in
_ . . s the component could either be characterized as a change
N Z ZUF Jr Jo,m )V (G fo,mt + 757, ) in waveshape or a shift in offset latency. In order to
(17) qgive the offset latency values a relative meaning between
where the functionUr is defined in equation (9) anddifferent components, each time a stopping condition is
Vr(j, fo,m, t) represents the reconstruction of tfig8 met, as in step 9 of the iteration process below, the peaks
firing of the j*" component, using all other parameters off all component waveshapes are aligned to match the

m=1 t=1

the jt" component: waveshape with the earliest peak, and eaf,p value is
adjusted accordingly. This alignment is performed after
Vi (g, fo,m.t) = Crjojgos;(t — (m — myee) 7y each stopping condition to ensure that the algorithm has

—(fo— 1)7F — ijO) (18) ha_d_a chance to estimate all parameter values be_fore
shifting all waveshapes to an earlier time. Performing

The functionA(77; ) represents the cross-correlation bethe alignment during the iterative process runs the danger
tween the dEdUCEd single firing of thé" component, of shifting parts of the waveshape out of the time-frame
Ur(j, fo,m,t), based on the data after removing thallotted for a a single waveshape into negative time, which
firings of the other components, and the estimated singi®uld be invalid for this model.
firing of the componentVx(j, fo, m,t), based on thg" 3) Iterations: We optimized the parameters as follows:
component parameters. The deduced firing is multiplied 1) |gentify the total number of firings within the
with shifted versions of the reconstructed firing, and the ~ gataset by human observation.
latency which produces the maximal value is taken as thepy Estimater!” for the component using (12), (13).

estimate of the offset latency. 3) EstimaterC using (14), (15).
2) Adjustments for Parameter Degeneracies: 4) EstlmateTSf using (16), (17).
. n
a) Latency Degeneracy betweefi and77,: Since &) Adjust 77" values if 75, values show a linear rate
7F and7?; both represent time shifts within single chan- of change using (19) (20).

nels of data if the estimated value fef is inaccurate, 6) Estimate the waveshap¢)

T;ff values will increase linearly in amplitude. In other 7) Estimate the amplitude of each firing using (10).
words, if the estimated;! value is smaller than the 8) To parameterize another component, follow steps 1-
actual value, each successive firing will deviate from its 5, using the data from which the model of the first
estimate by a larger value than the previous firing with component has been subtracted.

its respective estimate. For a given firifgof a given  9) Iterate through steps 1-5 for both components until

componentr, the value of the net latency due to firing the average change in waveshapes from the previous
and offset is not affected, buf” and7;; values no longer iteration is less than 1% or until a maximum number
represent the firing period and offset period. In order to  of iterations has been performed, and align the
correct for this offset, every time theff is calculated, peaks of the component waveshapes, adjugtﬁ}g

a linear regression on thesf values is performed and accordingly. '

both latency values are adJusted accordlngly The lineat0) For each additional source, parameterize the new
regression takes the form Ofn = pnf + B, Using component based on the data without all other

this line, 7" and 7% .y Values are remapped so thqif components that are already modeled, and repeat
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the iteration of steps 1-5 for all components until gcaling in each firing of the component in question.
stopping condition in step 9 is reached. d) Isolated optimization of new component on its

Listed below are considerations used in determining tAESt iteration: When parameterizing a new component

above iteration order 7, all previous components have already been optimized
a) Parameter Initialization:Since the general wave-

to their stopping condition. In all parameter optimization
shape of a MUAP is fairly well-defined, this informationgif;rlai‘::iﬂz gztr?npsofla:\siinthlz ?iﬁﬂucoegacnoggi%:enct)tl;ltji;ed,
is used to initiate the waveshape. The point values Jfi. o 9 ng " P
. . . -~ train. For the first iteration, since thg® component
s(t) are determined in the manner described below in theas not vet been completelv parameterized. using this
Synthetic Data section. As mentioned earlier, the couplir§1 Y plietely p ’ 9

. . mponent in calculations for other components ma
matrix is set to all ones under the assumption that a\i}rovs off parameter values unnecessaril '[I)'herefore fc?/r
detectors receive signals from all components equaﬁ b Y- '

well. All latency valuesF, =€ and Tff are initialized tMe first iteration of a new componeptall parameters of

: | are optimized. For successive iterations, all parameters
as zero, and albky,,; values are one. Since the Iatenc;?

optimizations occur first in the iteration in steps 24, are optimized for each component in turn.
values are initialized as one. If thg, ; values were zero, Original MUAPS

the reconstructed component used in #je calculation e
would just be a straight line at zero. For this reason, if any B
value ofa,,; becomes zero in the process of iteration, the
anr value is set to one temporarily for the calculations 0al
of 7', 7¢, and;7; and then set back to zero.

n!
b) Estimation ofrf" and (" beforer?;: When con-
sidering a single componervtf and ch are parameters

that characterize the component, providing information f

o
N

amplitude

about the firing rate and conduction velocity when the -2}
distance between electrodes is known. The optimizations
of T]F andeC involve correlations of the deduced compo- o
nent and are not directly dependent upon the accuracy of |
the parameters of the component in question. On the other ° 5 © 2 o conds = © © %
hand,rff “picks up the slack” in the overall latency value

and is restrained to be a constant with slight deviatiof®- 5. Synthetic motor unit action potentials

for each firing. Effectively, this constant gives information _ )
about the relative offset between different components,4) Synthetic Data: The waveshape of the synthetic
and the deviation represents the time error between th@t@ used for testing is based on the MUAP model
model and actual data for each firing of this particul&f€veloped by M(iG'”’ Lateva, and Xiao 2001 [19]. The
componentr/; involves the cross-correlation of the de=0urce function}” (t) was created by the sum of a scaled
duced component and the reconstructed component &€ and afterpotential:
therefore is directly dependent upon the accuracy of thelV/ (¢)

b
/
4 component parameters. dt (ag'(t) +bg(t)) — ag

In determining the order of thiscalgorithm, the’  where * denotes a convolution,andb are scaling factors,
calculation is performed aftegF andt{ so the offset cal- t4 is a time constant of decay, and

culation has the benefit of using thejalready parameterized
firing and conduction period values when reconstructing g(t) =
the jt" component for cross-correlation. When the latency I'(n)
values are remapped in step 5, the firing period adjustmentwhich » and & are adjustable constants. The standard
is applied to arf value that represents an estimate ofalues used weres = 2.5 and & = 5.8 [19]. This
the firing period rather than an initial value with nosource function was used as the initial estimate of all new
significance. component waveshapes. The model described by McGill,
c) Estimation of the waveshape before amplitudet al. also details spatial and temporal weighting functions
Due to the degeneracy that could occur in the modgl be convolved with the source function representing the
between the scaling of the waveshape and the ampliaveshape distortion as it travels along the muscle fibers,
tude, the waveshape is constrained to have a peak-&3-well as considerations for different lengths of muscle
peak amplitude of one to give the values a consistent fibers. These factors were not implemented for this paper,
meaning. Thus in each set of iterations, the waveshapebig a convolution was performed using an approximate
estimated first and scaled peak-to-peak. The amplitudeweighting function in generating the synthetic data. For
is parameterized after the waveshape has been determigiedaulation, varying levels of Gaussian noise were added
so thata can appropriately compensate for the waveshaps well. The data shown in Figure 4 was generated with

(t) * (e_t/t“u(t)) (21)

kn+1

t"e Fu(t) (22)
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TABLE | TABLE 11
CONFUSION MATRIX FOR CROSSTRIAL JOYSTICK DATA CONFUSION MATRIX FOR CROSSTRIAL SHORT JOYSTICK DATA
[[ Gesturd] Left [ Right] Up [ Down [ Correct]] [[ Gesturd] Left [ Right] Up [ Down| Correct]]
Left 15 0 26 9 30% Left 17 0 25 8 34%
Right 0 50 0 0 100% Right 0 49 0 1 98%
Up 0 0 50 0 100% Up 0 0 50 0 100%
Down 0 0 1 49 98% Down 0 0 0 50 100%

the two components shown in Figure 5, that were mixed
together with uncorrelated white noise with a signal t@y generalize on that data. In the next experiment, we
noise ratio of 3.7. This level of noise is higher than thaixamine training on the single best day and use that for
normally observed in our experimental setting, and thysal-time testing. The real-time testing acts as new and
is representative of a more difficult test. unseen data.

5) Experimental Data: The subject EMG data was ) o ] )
acquired using our electrode array positioned over the#) Best-trial training and real-time testingThe error
bicep. The subject was required to lift and hold a 5 pourf@t€s determined from the previous methods were not nec-
weight and was only allowed to bend at the elbow, witgssarily indicative of real-time performance. In particular,

the elbow supported. The data was sampled at 32 kH2€ error rates would vary across time depending upon
using a custom built amplifier with a gain of 1000 and"@ny factors such as sleeve position (rotation), sweating,

an anti-aliasing filter with a 3 kHz cutoff frequency. ~ SKIn moisture (dry skin does not conduct well), length of
time that the electrodes were worn, and fatigue (resulting

1. RESULTS in tremors). By training on only a single day’'s data, we

were able to use the dry electrode sleeve for demonstra-
) _ _ _ _ tions on many different days. We selected the day which
1) Same trial acquisition and testinghis experiment gaye the best real-time reliability. The demonstrations

is by far the easiest to recognize because the variability a$nsisted of flying a 757 transport aircraft in simulation
sociated with day-to-day differences has been eliminatgg. landing at San Francisco airport.

Such variation includes conductivity levels of the skin,

positioning of the dry electrode sleeve, and changes in thed) Continuous Recognitionin the previous experi-

performance of the gestures. We noticed that we couents, a total of 3072 data samples were used to form the

determine when participants had used skin moisturizetimate. This introduced considerable time lag into the

before the experiment because the signal quality obtaing¢stem (1.5 seconds). In an attempt to become closer to

from the dry electrodes improved. Typically if the HMMsa continuous recognition process, the time segments used

had an appropriate number of parameters and enough d&tdrain the HMMs were shortened to only contain the

were used, then no errors were made upon recall of tfgst part of the rise of the signal using 352 samples. In

validation set. this case the HMMs consisted of 3 states with 9 mixtures
2) Cross-trial acquisition and testingThis experiment total. The resulting cross-trial confusion matrix is shown

demonstrated which gesture was the hardest to sepafatdable Il.

from the others. In particular, we trained on 50 instanti-

ations from one trial date and then validated on 50 other__ . - I .

instantiations from a different trial date. A typical confu- Th's matrix IS not significantly _different from t_he

sion matrix is shown in Table I. This indicates thatday-to[-’revIous cross-irial longer data. The change in signal

day variations were significant enough to cause diﬁiculﬁngth allowed for us to remove noticeable delays between

in separating the gesture Left from other gestures. T e gesture action and the movement of the aircraft. We

source of the variations included electrode placemefi't?h'eved afmuc? Iﬁssdnotlceablg d(;lays éﬂﬁ ms.) a;t tEe
length of the gesture, strength of gesture formation, afjgeense of a slight decrease In the robustness of the

the form of the gesture (wrist angles). This led to thgdesture recognition process. It is possible to halve this

next experiment to see if the models would generalize fgsponse time _Wl.th a small decrease_ in the recognition
tes. Since this is intended for real-time systems, such

we trained on all of the different days together and theff . L .
tested on a withheld subset. a lag is hard to justify but it has not prevented us from

successfully flying the simulated aircraft. The resulting
multi-day confusion matrix had no errors.

A. Joystick Gestures

3) Multi-trial acquisition and testing: To determine
the generalization capability of the HMMs we trained on In the next set of experiments we switched from using
data from multiple trial dates and then recalled on pointee dry electrode sleeve to wet electrodes. This was
withheld from the training data for the same dates. Thisecessary because the EMG signals measured for the
resulted in perfect results (100% correct for all gesturegyping gestures were much smaller than those for the

Of course this does not mean that when yet anothjystick. The wet electrodes tend to have a higher signal-
new day of data is added that the system will be abte-noise ratio than the dry electrodes.
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TABLE IlI
MULTI-TRIAL CONFUSION MATRIX FOR TYPING DATA
[ [[1[2]3[4]5[6]7[8]9[%]

will adapt to understand the signals as that command.
Calibration will eliminate the need to require a participant
to learn a fixed set of gestures. Instead, the person will

; %6 4?8 8 3 8 8 (1) 2 8 32 be able to perform a gesture that seems natural to him or
3[[0[0[49]0[0[1|1|0[0]96 her in order to accomplish a given task, and the computer
41111/0]0/38/2]0]0]0]0]75 will simply map those signals to the correct action.
51[3[0[5(36[1[3][2|0]71

6l0[1[6|0|0[42[0|0|2]82

7I[0[0[0[0[0]0|51] 00100 C. MUAP Analysis

g0[0[0[0 21344/ 1] 86 _ ) ) )
9000|0000 051|100 1) Synthetic dataWe applied the algorithm to 20 trials

of synthetic data (see 4). The data consisted of three
channels with only four firings across the channels. A
B. Keyboard typical decomposition is shown in Figure 6. This resulted

In this experiment, the position of the hand above tH8 & median RMS error of 0.0297.
simulated number pad was maintained in a touch-typist ctmated componerts
typing position. If the position of the hand were allowed 1 ‘ ‘ : ‘
to vary, the tasks of distinguishing between hitting the
top row of keys from the bottom row of keys would I ]
greatly increase in difficulty and would require electrodes
on the upper arm to sense the movement. The angle of the
participant’s wrist also had to be carefully maintained to
avoid radically changing the sampled signals. Even with
careful attention to position and maintaining electrode
placement from day-to-day, the data tended to vary. There
are consistent trends in the data but the variation between
instantiations of the same gesture is great.

1) Multi-trial acquisition and testing: The keyboard
replication experiments had much greater daily variation
in electrode placement than with the joystick. We also
had difficulty in reliably having the participants maintair“:
a consistent hand position from trial to trial. This included
making sure that the wrist angle was similar and that

the hand was consistently neither resting on the tablez) Experimental Data:The experimental data, which

during motion nor was in part supported by the table partially shown in _Figu_re 7 was_decom_posed into two
(i.e. bad form, but consistent bad form). Despite the§@mponents shown in Figure 8. Since th'.s was real data
e do not have the actual MUAPs to which to compare

uncontrollable variations, the resulting confusion matri¥ q i instead this with
for multiple trials shown in Table Il looks pretty good.Our ecomposition, S0 Instead we compare this with a

The variability in the data caused our models to generaliZaethod in which clean MUAPs were hand-picked and
gestures such that more confusion occurred. For [\WRE" averaged together. This averaged MUAP waveform is

demonstrations, we needed to train on the same day t gpicted in Figure 9. which illustrates that there is qualita-
' tive agreement between the expected MUAP and the first

we were giving the demonstration, and thus used only'% . : : .
single da)g/]’s dgta ycomponent discovered using this algorithm. The second
) component contains multiple compound MUAPs because

vx%qu two components were specified to be calculated.

ig. 6. Recovered components from synthetic data

Two enhancements are planned. First, the use of
electrodes caused unintentional misplacement. We are
currently developing new dry electrode straps which have IV. CONCLUSION
a higher density than the sleeve and which are similar inWe have shown that it is feasible to control virtual
size to a wrist band. These straps will allow us to hawdevices via non-invasive EMG signal monitoring with-
the electrodes on a band positioned relative to each otleert explicitly modeling the EMG signals. Using hidden
without variability. The second enhancement is to includdarkov models for pattern recognition, we have demon-
model correcting adaptation which is now common istrated the the ability to replicate movements associated
the speech recognition community. This adaptation woulgith both joysticks and keyboards. We chose to demon-
allow the models to be tuned to small variations, botstrate these input devices because they are familiar to
throughout the day and whenever the current day’s confitite general computer user. Ultimately, improved inter-
uration differs from the models used to train. A calibratiofaces will consist of more natural movements than those
stage will be included so that the participant can malkassociated with either joysticks or keyboards. When our
a gesture to issue a certain command and the computerline adaptation software has been completed, a person
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puter allows for humans to manipulate any electrically
controlled mechanical system. In addition to wearable
computing applications, we are also examining interfaces
to robotic arms, mobile robots for urban rescue, un-
manned aircraft drones, robotic exoskeletons, and space
suit interfaces. There are also side benefits to using EMG
signals for control in long duration space missions. One of
the side effects of living in a zero gravity environment for
extended periods is muscle atrophy. It would be possible
to have astronauts train during a long flight to a distant
planet by simulating the motions necessary to accomplish
- i i i i i \ a given task. The EMG signals generated from these
motions could be analyzed. If significant variations were
detected, the astronaut could be given advanced warning
Fig. 8. Two components separated from experimental data. to change their training routines to minimize atrophy and
ensure mission success.

The drawback to using moving averages of EMG as
will be able to make the gesture he feels is natural foriaput to the HMMs for gesture recognition was that the
given task (assuming that we have enough electrodesifidividual sources of EMG could no longer be distin-
cover the muscles involved) and the computer will maguished. In order to distinguish smaller muscle group acti-
from this “natural” signal space to the expected “computefations and inturn improve recognition, we have presented
command” space. a dVCA algorithm for EMG decomposition based on

Although the dry electrode sleeve guaranteed that tBayesian methodology. The original dVCA algorithm de-
electrodes would be positioned consistently relative &igned for EEG was substantially modified for the purpose
each other, there was no guarantee that the sleeve woolldseparating compound MUAPs measured in surface
be in the exact same location on the arm. It was our hop#G. This modified algorithm was demonstrated on both
that the sleeve would minimize day-to-day variations, beimulated and real EMG data. The results are encouraging
it needs to be redesigned to assure positioning. We wotitd both the synthetic and real cases. The most flexible
also like to increase the number of electrodes to allopart of this algorithm is that it allows the waveform
for spatial oversampling. The dry electrode sleeve cafit) vary over time. Letting the waveshape be pointwise
suffer from intermittent conductivity problems when thestimated permits it to have any shape, even shapes which
impedance between a dry electrode and the skin becoare not at all physiologically plausible. This flexibility
temporarily elevated due to hairs lifting the sensors avas deliberate to determine whether the algorithm would
variations in the moisture level of the skin. In this studyliscover waveshapes resembling expected MUAP shapes.
the decrease in conductivity could usually be identifiethdeed, we were pleased to see that the discovered
and fixed by manual readjustment of the sensors, but thismponents do resemble the synthesized MUAPs. We
inconsistency is not acceptable for daily use. have obtained MUAPs from surface electrodes that are

Ultimately, we envision a variety of applications forremarkably similar to our expected waveform without
this work. The ability to naturally interface with a com-imposing any knowledge of what we were expecting to
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see in terms of shape. [15]
The EMG decomposition method shown is a sim-
ple forward mixing model, which could eventually bgig)
replaced with a much more complicated physics-based
model such as the electro-magnetic model of [12]. This
would then allow for the automated determination of thg
representative tissue properties via proper model param-
eterization at the expense of more complex optimizatioH.sl
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